INTRODUCTION
Empirical regularities are the origin of theory. For instance, Jan Tinbergen's observation that gravity laws empirically rule international trade patterns gave us the theory behind the "gravity equation" (Frankel, 1998) , and Robert Engle's documentation of a changing variance over time in many time series triggered the search for theoretical explanations for this observed conditional heteroskedasticity (Semmler, 1994) . In this paper a new empirical regularity is documented: the power law (PL) distribution of revealed comparative advantage in international trade flows as measured by the Balassa index.
1
In the last two centuries several theories are developed that explain international trade flows.
These are rooted in technological differences between countries (Ricardo, 1817), in relative factor abundance (Heckscher, 1919 , Ohlin, 1933 , in variety and scale economies (Krugman, 1980 , Ethier, 1982 , and Helpman and Krugman, 1985 , or in firm heterogeneity (Melitz, 2003 , Helpman et al., 2004 , and Bernard et al., 2007 . None of these theories explains however why revealed comparative advantage is PL distributed.
2
The notion of revealed comparative advantage was first introduced by Liesner (1958) and operationalized by Balassa (1965) with his concomitant index. It is widely used to identify a country's weak and strong export sectors (for recent applications see e.g. Porter, 1990 , Amiti, 1999 , Fertö and Hubbard, 2003 , or Svaleryd and Vlachos, 2005 . The Balassa index is defined as a country's exports in some sector as a fraction of national exports, divided by world exports in that sector as a fraction of world exports. Whenever the Balassa index exceeds unity, a comparative advantage is 'revealed' for the particular country in the particular sector. On average about one third of all sectors displays such a revealed comparative advantage, although this percentage varies considerably across countries (Hinloopen and van Marrewijk, 2001 ). 1 The PL distribution is also known as Pareto distribution, scale-free distribution, or rank-size rule. It satisifies, at least in the upper tail (and perhaps up to a cutoff point),
, where  is the PL exponent and k is some constant. The PL exponent is independent of the units in which the law is expressed. Zipf's Law holds if 1  F o r P e e r R e v i e w F o r P e e r R e v i e w 3 factor abundance, but also then the difficulties in explaining the PL distribution of the Balassa index are not readily solved. 3 We carefully document the PL distribution of revealed comparative advantage as measured by the Balassa index, and that in a substantial, but minority, of cases Zipf's law holds. Our analysis is based on a comprehensive data set that is obtained by merging two sets obtained from the Center for International Data at the University of California, Davis (see Feenstra et al., 1997, and Feenstra, 2000) . It consists in particular of observations on bilateral trade flows for 747 4-digit sectors, 166 countries, covering the years 1970 through 1997, yielding a total of slightly less than 18.4 million positive observations. This allows for a thorough and systematic empirical analysis of the observed phenomenon along three different dimensions: over time, across countries, and across sectors.
Although we focus on reporting the estimates of the PL exponents of the Balassa index distribution, some further empirical explorations suggest that these exponents are systematically related to country-specific characteristics and that they differ systematically across sectors according to factor-intensities. Borrowing the words of Rose (2005, p. 11) our findings suggest "an intriguing puzzle for future theoretical work." A theory should be developed that explains why the Balassa index follows a PL distribution. It should also explain why the upper cutoff value is equal to the theoretically significant value of a Balassa index above one, and what drives the differences in PL exponents for different countries and sectors.
The remainder of the paper is organized as follows. Section 2 briefly reviews PL distributions and the Balassa index. Section 3 discusses estimation issues. We use the estimation procedure recently introduced by Gabaix and Ibragimov (forthcoming) for estimating the PL exponent, as this procedure eliminates the bias inherent in traditional estimators. Section 4 contains our empirical findings regarding the PL distribution of revealed comparative advantage while Section 5 links these estimates empirically to country and sector characterisitics. Section 6 concludes. . 3 There does seem to be some potential in this combination. Bernard et al. (2007) show that firm heterogeneity magnifies country differences based on comparative advantages. , country i is said to have a revealed comparative advantage in the production of commodity j in time period t as its export share for product j is larger than the concomitant export share in the group of reference countries I . 4 We can visualize the PL distribution of the Balassa index by using double logarithmic axes on the rank (whereby the largest Balassa index value is given rank 1) and the size (the Balassa index value).
PL DISTRIBUTIONS AND REVEALED COMPARATIVE ADVANTAGE
The slope of thise graph is then the PL exponent (Gabaix, 2009 , gives an heuristic explanation of this procedure, which explains the use of the term 'rank-size rule'). In Figure 1 the log of the Balassa index is plotted against the log of the concomitant rank (the figure is constructed using a random sample of 1,000 observations; appendix A contains the description of the data used throughout the paper). This picture serves as a first illustration that the upper tail of the Balassa index is PL distributed: observations with a Balassa index above unity are grouped almost perfectly on a straight line. It is precisely these observations that reveal a comparative advantage, implying that the upper cutoff value is equal to the theoretically significant value of a Balassa index above unity. Log of Balassa Index value
Log of rank
4 Hillman (1980) identifies a sufficient condition for the Balassa index to measure comparative advantage proper in that an increase in exports yields an increase in the Balassa index. Throughout the paper the analysis is restricted to those observations that meet this "Hillman condition", which amounts to disgarding 0.25% of all observations (see Hinloopen and Van Marrewijk, 2008 , for further details). (Luttmer, 2005 , Melitz, 2003 . The applicability of power laws to city-size distributions is undisputed, but to date there is no agreement regarding the validity of Zipf's law. Some argue that the PL exponent does not assume unity quite regularly (Rosen and Resnick, 1980 , Brakman, Garretsen, and van Marrewijk, 2001 , and Soo, 2005 , others stress that in most studies the hypothesis that the estimated PL exponent equals one cannot be rejected (Krugman, 1996 , Gabaix, 1999 , and Gabaix and Ioannides, 2004 . Given the scope of our dataset we are quite confident that our findings regarding the applicability of a power law and, in particular, Zipf's law, to revealed comparative advantage, are representative for the underlying mechanisms.
ESTIMATING A PL EXPONENT
The two most commonly used methods for estimating the PL exponent  are OLS (often referred to as the Zipf regression) and employing the Hill estimator (Hill, 1975, see also Gabaix and Ioannides, 2004) . For large sample sizes the estimated PL exponent in the Zipf regression tends with probability one to the true value of  . For small samples, however, the estimate is biased and inefficient.
Moreover, the reported standard errors seriously underestimate the true standard errors. Alternatively, under the null hypothesis of a perfect power law, the Hill estimator is the maximum likelihood estimator of  . But the properties of the Hill estimator in finite samples are also worrisome as the bias can be high in small samples and the associated computed standard errors considerably underestimate the true standard errors as a result of this bias. As the rate of convergence can be arbitrary slow (Embrechts et al., 1997 ) the estimator also requires very large samples sizes. In addition, the choice regarding the number of order statistics to be included is problematic in view of the bias -variance tradeoff (see Beirlant et al., 2004 , and the citations therein).
Various estimators have been developed to address these issues, but these have not led to a consensus solution of the problem (see e.g. Embrechts et al., 1997 , Beirlant et al., 1999 , and Feuerverger and Hall, 1999 . Recently however Gabaix and Ibragimov (forthcoming) provide an elegant and effective solution for the estimation of PL exponents. An unbiased estimate is obtained when using OLS in:
Accordingly, all that is needed is to shift the rank by ½. Gabaix and Ibragimov (forthcoming) show further that the standard error of the so-estimated PL exponent is asymptotically equal to b n) / 2 ( . Using OLS in (2) is more robust to deviations from the exact power law formulation (in the sense of Hall, 1982) than is the Hill estimator (see also Ibragimov and Phillips, 2008, and Phillips, 2007 
EMPIRICAL RESULTS
Since the Balassa index carries three dimensions (time, country, and sector), we can empirically investigate the size of the PL exponent for these three dimensions. Zipf's law is said to apply in the particular dimension if the estimated PL exponent does not differ significantly from unity; in all other cases the Balassa index is PL distributed if the estimated exponent is statistically significant. Observe that there is a sub-dimension for the Balassa index with respect to the degree of data aggregation.
After eliminating erroneously classified observations, our data set effectively distinguishes 66 2-digit sectors, 225 3-digit sectors, and 419 4-digit sectors (see Appendix A). 6 All three identified dimensions are thus considered at three different levels of data aggregation.
DIMENSION I: TIME
To examine the applicability of power laws along the time dimension of revealed comparative advantage the following equation is estimated for all Balassa index values above unity: Table 1 contains the summary statistics for the several per-year estimates (details of the estimates for all individual years are listed in Table B1 in Appendix B), and the pooled regression whereby all years are taken together. The estimated PL exponents vary little per year and the goodness-of-fit is very high. At the 3-digit level, for example, the estimates range from 0.896 to 0.981 and the goodness-of-fit is between 98.3 and 99.4 per cent. 5 In all cases we also calculated the Zipf regression and the Hill estimator. These are available from the authors upon request. 6 To be included an observation (i) has a related export value of at least 5,000 US $, (ii) meets the Hillman condition, and (iii) is at least one. Further, regressions with 10 or fewer observations were dismissed. The smallest number of observations for any regression is 47. 7 An obvious additional test for examing the validity of the linearity of the relationship is to include a quadratic term in (2), as in Black and Henderson (2003) . However, as illustrated by Gabaix and Ioannides (2004) , it is very likely that the estimated coefficient of this quadratic term will turn out to be statistically significant in situations where the underlying data are obtained from a data generating process as in eq. (2). 21 22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59 The distribution of the estimated PL exponents is illustrated in Figure 2 . Note that all estimated PL exponents are highly statistically significant and that in all years the goodness-of-fit indicator is very high, especially for estimates at the 2-digit and 3-digit level of data aggregation. We thus conclude: To examine whether Zipf's law applies in particular a t-test is conducted, which leads to:
Empirical result 2
The distribution of revealed comparative advantage for the years 1970 through 1997 as measured with the Balassa index at either the 2-digit, 3-digit, or 4-digit level of data aggregation follows Zipf's law in, respectively, 69%, 24% and 0% of all sample years.
DIMENSION II: COUNTRIES
The country dimension is captured by the following equation: Table 2 provides summary statistics of the related estimates for the different levels of aggregation whereas details of the individual estimates for the 166 countries are in Table A2 in Appendix B. As is clear from Table 2 and illustrated in Figure 3 
DIMENSION III: SECTORS
The sector dimension is examined with the following equation:
whereby J refers to the number of sectors for the particular level of data aggregation. At the 2-digit level there are 66 different sectors, at the 3-digit level 225 sectors are distinguished, and 419 sectors are identified at the 4-digit level. Table 3 provides the summary statistics for the sector estimates and Table B3 in Appendix B contains the details of all sector estimates separately. Figure 4 illustrates the distribution of the estimated sector PL exponents. 
Empirical result 5
The Balassa index is PL distributed for the 66 2-digit sectors, the 225 3-digit sectors, and the 419 4-digit sectors, whereby for the respective levels of data aggregation the mean estimated PL exponent is 1.40 (0.62), 1.34 (0.54) and 1.20 (0.47).
The considerable variation across sectors in the estimated power-law coefficients is also examined further in Section 5 below. For now we observe that for a substantial number of sectors Zipf's law applies:
Empirical result 6
The distribution of revealed comparative advantage for the 66 2-digit sectors, the 225 3-digit sectors, and the 419 4-digit sectors as measured with the Balassa index follows Zipf's law in, respectively, 16%, 17% and 26% of all cases. We have seen that the Balassa index is PL distributed and that a modest share of the estimated PL exponents does not differ significantly from unity. In addition, the estimated PL exponents do not vary from year to year, but they do vary between countries and between sectors.
DISCUSSION

ESTIMATED PL EXPONENTS ACROSS COUNTRIES
The significant differences in estimated PL exponents across countries suggests that these estimates are related to country characteristics. To give further weight to this conjecture we relate the estimated PL exponents to country characteristics that can be expected to affect the value of the Balassa index, including country size (measured by GDP and number of inhabitants), export size, openness (exports as a fraction of GDP), and export breadth (measured as the number of sectors in which a comparative advantage is obtained). At the same time, the results in Section 4.1 imply that the estimated power coefficient are stable over time. This leads us to consider the following equation:
whereby  it is the estimated value of the power-law exponent for country i in year t,  i is a countryspecific fixed effect,  t is a time-specific fixed effect, POP is the population size (measured in 1000 persons), EXP is the value of exports (measure in 1000 US $), EXPS is the number of export sectors, and  is assumed to be iid with zero mean and constant variance. 10 However, in (6) the estimated PL exponent  it-1 depends on  i which leads to biased estimates. To solve this problem first differences are considered:
. This creates another problem as  it-1 is correlated with  it-1 . Following Anderson and Hsiao (1982) this is solved by using  it-2 as an instrument for ( it-1 - it-2 ). The results of the panel estimates are in Table 4 , where the estimated power-law coefficients are from the regressions of Section 4.2. 11 These results prompts two observations. First, although the specification in (7) is not obtained from a formally derived first-order condition, the strong significance of most estimated coefficients does suggest that the cross-country variation of the estimated PL exponent is related to country-specific characteristics. Second, at the 3-digit and 4-digit level the estimated panel coefficients are quite comparable. At the 2-digit level the export breadth variable is still significant but with an opposite sign. This is due to the related drop in the number of distinguished sectors which alienates the export breadth variable in the 2-digit case from those in which either 3-digit or 4-digit export flows are considered. We conclude:
Empirical result 7
The estimated PL exponents for revealed comparative advantage differ significantly across countries.
These differences are related to country-specific characteristics: country size, export size, export breadth, and openness.
ESTIMATED PL EXPONENTS ACROSS SECTORS
Differences across sectors regarding the estimated PL exponents can be structured effectively according to the core analysis of international trade: factor intensity. 12 To that end we use the factor 11 In total the panel study is based on 13,944 annually estimated PL exponents at the country level (namely 28 years  166 countries  3 levels of aggregation), see Appendix B. 12 See also Carter and Li (2004) . Table 5 contains the average estimated power-law coefficients for these factor intensity categories. It appears that the estimated PL exponents are about equal for primary products and natural-resource intensive products. Similarly, they are about equal for technology-intensive products and humancapital intensive products. Moreover, the estimated exponents tend to be lower for primary products than for unskilled-labor intensive products, which in turn tend to be lower than that for human-capital intensive products. Indeed, according to a two-sided t-test of mean differences the following ordering applies: In addition, we have tested whether Zipf's law applies for the five different factor intensity categories.
Although the mean value of the estimated PL exponent for natural-resource intensive products does not differ from that for primary products, it is only for the former product category that Zipf's law applies in particular (see Table 5 ). We thus conclude:
Empirical result 8
The estimated PL exponents for revealed comparative advantage differ significantly across sectors ordered according to factor intensities. Only for the natural-resource intensive sectors Zipf's law holds.
CONCLUSIONS
The analysis of a country's apparent strong export sectors as indicated by a revealed comparative advantage is complicated by the lack of a theoretical characterization of the distribution of the Balassa index. Using a comprehensive international trade data set we show empirically that the Balassa index is PL distributed along the time, country, and sector dimension. Our results are obtained using the estimator recently developed by Gabaix and Ibragimov (forthcoming) which yields unbiased estimates absent data contamination. As our analysis is based in total on 1,295 estimated PL exponents we are quite confident that our findings are representative for the phenomenon documented here. Eeckhout (2004) shows the estimated PL exponent for city size distributions to be sensitive to the sample composition. Using a higher truncation point for cities to be included into the sample leads to higher power law estimates. As there is no natural truncation point for city sizes Eeckhout's observation questions the applicability of the rank-size rule to city size distributions. For the Balassa index on the other hand the sub sample of entries above one naturally presents itself. Thus, in Figure 5 the (absolute value of the) estimated PL exponent is plotted for higher truncation values. 13 The observation of Eeckhout (2004) also applies here although the estimated power coefficient is much less sensitive to the truncation value compared to the city size distribution. This supports the robustness of our findings.
Our findings present a theoretical puzzle: none of the received theories on international trade can explain why the Balassa index is PL distributed. To assist in solving this puzzle, we provide panel estimates that document the empirical links between the estimated PL exponents and country and sector characteristics, including country size, openness, export breadth and factor intensities. These 13 Note that the fraction of industries included drops with higher truncation values. For the 2-digit, 3-digit, and 4-digit level of data aggregation going from a truncation value of one to two comes with a drop in this fraction respectively from 24.5% to 14.4%, from 24.4% to 13.9% and from 27.2% to 16.3%. Increasing the truncation value even further yields estimates that are based on a disproportionately small part of the sample. 1  2  3  4  5  6  7  8  9  10  11  12  13  14  15  16  17  18  19  20  21  22  23  24  25  26  27  28  29  30  31  32  33  34  35  36  37  38  39  40  41  42  43  44  45  46  47  48  49  50  51  52  53  54  55  56  57  58  59  60 
